Background: Linkage disequilibrium is defined as the non-random associations of alleles at different loci, and it occurs when genotypes at the two loci depend on each other. The model of genetic hitchhiking predicts that strong positive selection affects the patterns of linkage disequilibrium around the site of a beneficial allele, resulting in specific motifs of correlation between neutral polymorphisms that surround the fixed beneficial allele. Increased levels of linkage disequilibrium are observed on the same side of a beneficial allele, and diminish between sites on different sides of a beneficial mutation. This specific pattern of linkage disequilibrium occurs more frequently when positive selection has acted on the population rather than under various neutral models. Thus, detecting such patterns could accurately reveal targets of positive selection along a recombining chromosome or a genome. Calculating linkage disequilibria in whole genomes is computationally expensive because allele correlations need to be evaluated for millions of pairs of sites. To analyze large datasets efficiently, algorithmic implementations used in modern population genetics need to exploit multiple cores of current workstations in a scalable way. However, population genomic datasets come in various types and shapes while typically showing SNP density heterogeneity, which makes the implementation of generally scalable parallel algorithms a challenging task. Findings: Here we present a series of four parallelization strategies targeting shared-memory systems for the computationally intensive problem of detecting genomic regions that have contributed to the past adaptation of the species, also referred to as regions that have undergone a selective sweep, based on linkage disequilibrium patterns. We provide a thorough performance evaluation of the proposed parallel algorithms for computing linkage disequilibrium, and outline the benefits of each approach. Furthermore, we compare the accuracy of our open-source sweep-detection software OmegaPlus, which implements all four parallelization strategies presented here, with a variety of neutrality tests. Conclusions: The computational demands of selective sweep detection algorithms depend greatly on the SNP density heterogeneity and the data representation. Choosing the right parallel algorithm for the analysis can lead to significant processing time reduction and major energy savings. However, determining which parallel algorithm will execute more efficiently on a specific processor architecture and number of available cores for a particular dataset is not straightforward.
Background

Introduction
Positive selection is the tendency of beneficial traits to increase in prevalence (frequency) in a population and is the driving force behind adaptive evolution [1] . The selective sweep theory and the genetic hitchhiking model [2] can be used to identify traces of positive selection by detecting regions of reduced genetic variation (which are said to have undergone a selective sweep. A trait is considered beneficial when the following two requirements are met: i) it must increase the probability of survival and reproduction of the organism, and ii) it must be heritable, i.e., it can pass to the organism's offspring. When these requirements are satisfied, population genetics theory predicts that the frequency of this trait will increase in the population. In modern genetic analyses, traits are the various forms of a gene (alleles). For instance, if we simplistically assume that the color of the eyes is controlled by a single gene only, then the various eye colors are determined by the alleles of this gene. Because a beneficial allele increases the fitness of the organism carrying it, its frequency will increase, and eventually all individuals of the population will possess it (the allele has reached fixation). Physically, alleles are located on chromosomal regions. Thus, on a chromosomal region, both a beneficial allele and alleles that do not affect fitness (neutral alleles) may be found. Given that entire chromosomal regions can potentially be inherited at once, beneficial alleles are often physically linked to several neutral ones, leading to the increase in frequency of linked neutral mutations near the site of the beneficial allele. Neutral alleles can also reach fixation, thus reducing the amount of polymorphism (number of single nucleotide polymorphisms, SNPs) near the beneficial mutation (by definition, fixation is monomorphic), and causing a selective sweep.
Selective sweep detection has theoretical significance and practical applications. For instance, it can shed light on the long-standing debate regarding the importance of adaptive and non-adaptive forces in shaping genetic polymorphisms [3] . Furthermore, it facilitates the detection of drug-resistant mutations in pathogens (e.g., HIV [4, 5] ) that could reveal potential reasons for treatment failures [6] and lead to the design of more effective drug treatments.
Nowadays, the developments in DNA sequencing technologies, such as next-generation sequencing (NGS), are steadily contributing to an accelerating accumulation of molecular sequence data, because entire genomes can be rapidly and accurately sequenced in a cost-effective way [7] . Furthermore, the field of bioinformatics has many computationally demanding kernels 1 that typically require prohibitively long processing times for the analysis of large-scale datasets available today. This issue has attracted the attention of the computer engineering community to such a great extent that the well-known Smith-Waterman pairwise sequence alignment algorithm [8] frequently serves as one of the test applications to demonstrate new engineering concepts in accelerator platforms. Additionally, several other compute-and/or memory-intensive bioinformatics kernels have been efficiently executed on emerging technologies such as multicore central processing units (CPUs) [9] [10] [11] [12] , graphical processing units (GPUs) [9, 13] , and field programmable gate arrays (FPGAs) [14] [15] [16] . The increased computational demands of the kernels used, in combination with the rapidly increasing pace at which genomes are sequenced today, generate an apparent challenge: how to devise new algorithmic solutions to effectively exploit new emerging technologies and eventually boost the capacity of modern processing architectures to keep up with the molecular data avalanche.
To this end, a software addition to the selective sweep detection computing landscape is the open-source program OmegaPlus [17] , which has optimized parallel implementations for the analysis of genomic datasets of various shapes (dimensions), resulting from the varying number of sequences and SNPs. OmegaPlus captures linkage disequilibrium (LD) patterns of selective sweeps using the ω statistic [18] , by analyzing SNPs in intraspecies multiple sequence alignments (MSAs), essentially n × m data matrices that contain n DNA sequences of length m nucleotides each (also called alignment sites). The computational kernel of OmegaPlus is optimized for memory consumption, thus enabling the analysis of very large datasets on workstations with limited resources, such as personal computers. It relies on a computational approach that divides a dataset into a user-defined number of genomic regions and computes the ω statistic at the center of each region.
Before the release of OmegaPlus version 3.0.0 (January 2015), three parallelization alternatives for sharedmemory systems were available: (i) a fine-grained algorithm that deploys all threads for the processing of a single genomic region, (ii) a coarse-grained algorithm that assigns a group of neighboring genomic regions to each thread, and (iii) a multi-grained algorithm [19] in which the master thread monitors the progress each thread has made with the assigned group of regions, and periodically directs all available threads (threads that have finished analyzing their initially assigned group using the coarse-grained algorithm) to assist, using the finegrained approach, the slowest thread at that particular time. With the release of OmegaPlus v. 3.0.0, a new parallel algorithm is available, which implements a generic 'offload-compute' paradigm that organizes the LD calculations into chunks based solely on the available memory on the system, i.e., ignoring the genomic region borders, and carries out an iterative two-step procedure of LD calculations (the 'offload' step) followed by ω statistic calculations (the 'compute' step). All parallelization alternatives yield identical results, thus allowing performance to be improved without compromising the accuracy of the sweep detection method.
In this work, we present the aforementioned new generic parallel algorithm that relies on the offloadcompute paradigm and conduct a thorough performance evaluation of all four available parallel alternatives. Furthermore, we assess the sensitivity and accuracy of OmegaPlus over other methods and tools that can be used for selective sweep detection via a series of simulated runs. From a performance standpoint, devising an efficient parallel algorithm for the ω statistic is challenging because of the variety of possible different input dataset types and shapes. For instance, a population genetics study may analyze either nucleotide data comprising a maximum of four possible states, A, C, G, and T, where one is ancestral and the remaining are derived, or assume the infinite site model [20] , leading to the analysis of binary data where individuals can either carry an ancestral state (0) or a derived state (1) . Previous experimental results revealed that LD calculations on DNA data require approximately 7-9 times more operations than on binary data, therefore significantly increasing the fraction of time required for LD calculations in comparison to ω calculations.
Furthermore, standard neutral simulated datasets, i.e., datasets of neutral SNPs from constant-size populations, typically show a more homogeneous SNP density than datasets with selection, because the area near selection is characterized by reduced amount of polymorphism as predicted by the selective sweep theory [2] . Such SNP imbalance between genomic regions translates to imbalance between individual per-thread execution times under the coarse-grained model. Additionally, the shape of the dataset (sample size and total number of SNPs) has a major effect on the computation-tosynchronization ratio of the available parallel algorithms, leading to significant performance deviations for the same number of threads, particularly as the number of threads increases.
The proposed generic algorithm distributes the computational load to so-called 'compute groups' without taking the borders of each genomic region into strict consideration. This leads to a small number of large monolithic blocks of computations that are organized into compute groups of equal size in terms of number of operations. Therefore, the proposed parallel algorithm achieves balanced load distribution to the threads regardless of the number of SNPs per candidate genomic region. Additionally, the generic offload-compute approach leads to reduced synchronization overhead in comparison with the previous parallel algorithms, which achieves high performance when the number of threads increases, even when small datasets are analyzed. The offload-compute paradigm implemented in OmegaPlus is inspired by typical hardware-based acceleration systems where frequent communication/synchronization between a host processor and the hardware accelerator is reduced (if not eliminated) and the computational blocks are ideally of the same size in order to achieve high system performance.
Related work
Major advancements on modeling and statistical analysis for population genetics have been reported in the past 15 years [21] [22] [23] [24] . However, high performance computing (HPC) remained largely underdeveloped before the NGSdriven data explosion, because of the limited amount of available population genetics data. More recently, the increasing number of sequenced genomes triggered the release of several software tools.
Pfeifer et al. [25] released PopGenome, an R package for population genetic analyses that can compute a wide range of statistics, infer parameters, and perform simulations. These can be applied to whole-genome SNP data and can exploit multiple cores for faster execution. A function is provided that calculates LD measurements for each pair of SNPs in a dataset, but a full implementation of the ω statistic is not available.
A variety of studies have focused on method development for selective sweep detection. Kim and Stephan [21] developed a composite maximum likelihood (ML) framework to detect selective sweeps based on empirical mutation frequencies of SNPs. This framework was adapted by Nielsen et al. [22] in the open-source software SweepFinder, which could analyze whole-genome datasets for a relatively small number of individuals. SweepFinder cannot exploit multiple cores and therefore has long execution times for genome-size analyses. Also, it cannot analyze alignments comprising more than 1,024 individuals. Pavlidis et al. [26] released SweeD, which uses the same maximum likelihood calculation core as the SweepFinder tool [22] . SweeD has a significantly faster sequential implementation and an efficient parallel algorithm. Also, SweeD can analyze alignments comprising tens of thousands of sequences. Additionally, a checkpointing mechanism allows to resume long-running analyses after system failures or queue timeouts on cluster systems.
Kim and Nielsen [18] described the LD signature of a selective sweep and introduced a ML framework and the ω statistic to detect selective sweeps based on LD. Pavlidis et al. [27] implemented the ω statistic and combined it with the approach proposed by Nielsen et al. [22] in a machine learning environment to improve the accuracy of the detection process. However, the complexity of the ω statistic implementation made the machine learning approach computationally infeasible on large datasets. Alachiotis et al. [17] introduced a dynamic programming (DP) algorithm for the efficient calculation of the ω statistic on large datasets and released the parallel software OmegaPlus, making the detection of selective sweeps on whole-genome MSAs with thousands of sequences feasible in a reasonable amount of time. The following section describes the ω statistic and presents the main algorithmic optimizations in OmegaPlus.
The LD pattern of selective sweeps
LD is used to capture the non-random association of states between different SNPs. The level of LD can be quantified by a multitude of statistics. The most widely used measure of LD is the coefficient of linkage disequilibrium, D LD [28] . Assuming the infinite site model (binary data), the D LD coefficient is defined as D LD = p ij − p i p j , where p ij is the frequency of haplotypes that have the state '1' in both SNPs i and j, p i is the frequency of haplotypes that have '1' in SNP i, and p j is the frequency of haplotypes that have '1' in SNP j. Given that the range of D LD depends on the frequencies of the states, normalized measures of LD are typically preferred. In this manuscript, we use the squared correlation coefficient between sites i and j, r
, which always assumes values between 0 and 1. If state '1' of SNP i is always associated with state '1' of SNP j, then r 2 ij will be 1. On the other hand, if state '1' of SNP i is associated with both states '1' and '0' of SNP j, then r 2 ij will be lower than 1. Figure 1 shows the generation of SNP patterns that can be used for selective sweep detection. It comprises four MSA snapshots of a population at different times. Open circles represent neutral mutations and filled circles indicate a beneficial mutation. Snapshot A is the oldest while snapshot D is the most recent. At some point in time, a beneficial mutation occurs in the population (snapshot B). Because this mutation is beneficial, the frequency of occurrence will increase (snapshot C), and eventually all individuals will have it (snapshot D). The LD between pairs of SNPs on the left-and right-hand side of the selective sweep is high, while LD between SNPs that are located on different sides of the beneficial mutation is low. A detailed explanation of the mechanisms that drive the generation of such SNP patterns near the site of selection is out of the scope of the present work. An excellent introduction into the evolutionary processes can be found in [29] .
To compute the ω statistic, assume a total of N samples and a genomic region of W SNPs that is split into a left (L) and a right (R) subregion with l and W − l SNPs, respectively. We represent the states of the input data with S, where S DNA : {A, C, G, T} refers to DNA data and . For DNA input data, r 2 ij is calculated as follows, according to [30] :
where v i is the number of existing states in SNP i (v i ≤ 4), v j is the number of existing states in SNP j (v j ≤ 4), and v ij is the number of valid pairs of states (s i , s j ∈ S, i.e., not alignment gaps). The ω statistic is then computed as follows:
The area between the left and the right subregions is considered as the center of the selective sweep. The ω statistic quantifies the extent to which average LD is increased on each side of the selective sweep (numerator in Eq. 3) but not across the site of selection (denominator in Eq. 3). In subgenomic regions, i.e., candidate regions of limited length (usually some thousands of bases long), the ω statistic is computed at each interval between two SNPs as shown in Fig. 2 . The length of the genomic region is based on a parameter provided by the user. The calculations aim to find the l that maximizes ω by evaluating Eq. 3 for all possible subregions that lie within the borders of the candidate region.
A grid of equidistant locations L i , 1 < i < D is constructed based on the length of the input dataset. The parameter D is defined by the user. For each genomic region (centered at L i ), the ω statistic is evaluated independently. OmegaPlus initially computes a lower triangular matrix M of the squared correlation coefficients r 2 ij between all SNPs i and j. Thereafter, a dynamic programming (DP) algorithm is used to calculate i∈L,j∈R r 2 ij . Given a total of W SNPs in the genomic region, the matrix M of size W (W − 1)/2 is updated as follows: Typically, the number D of locations L i , 1 < i < D, is in the order of thousands. This frequently leads to extended overlapping areas between neighboring genomic regions. To avoid redundant calculations in such cases, OmegaPlus uses a data-reuse optimization. Given a matrix M i that corresponds to the genomic region L i , the matrix M i+1 is calculated in two steps. First, values from the lower n rows of M i are copied to the higher n rows in M i+1 , where n is the number of SNPs in the common region between genomic regions L i and L i+1 . Thereafter, the remaining rows in M i+1 are calculated. This optimization can achieve up to an order of magnitude faster overall execution, depending on the number of genomic regions and the extent of the overlaps [17] .
Findings
Parallel algorithms for the ω statistic Fine-grained algorithm (OmegaPlus-F)
The fine-grained parallel approach deploys all threads for the analysis of the same candidate genomic region, following the steps in Fig. 3a . Before the analysis of a new region, the master thread checks whether the data-reuse optimization can be applied. If the regions are not overlapping, the matrix M is fully calculated by parallel threads and filled with the new squared correlation coefficients. If there is overlap, the master thread copies the common values to the appropriate locations for the new region and only a part of M is calculated in parallel. Thereafter, the master thread applies the DP algorithm (Eq. 4) to update M with the summation values required by Eq. 3. The final step for the analysis of a region entails the parallel calculation of the ω statistic, with each thread computing ω independently for different l values (see Eq. 3).
A major issue with the performance of the straightforward fine-grained approach lies in the fact that all threads analyze a single genomic region: when the number of sequences is small (up to the order of thousands), the computation of squared correlation coefficients is relatively fast compared to the thread synchronization overhead.
When the sample size increases, the computation-tosynchronization ratio improves because the calculation of the squared correlation coefficients requires more operations. Nevertheless, the frequent synchronization events and the small (because of the data-reuse optimization) number of squared correlation coefficients that need to be calculated for each genomic region do not allow for efficient parallel execution unless the sample size is in the order of tens of thousands. Consequently, the coarseand multi-grained alternatives typically outperform the fine-grained approach.
Coarse-grained algorithm (OmegaPlus-C)
Unlike the fine-grained algorithm, the coarse-grained scheme (Fig. 3b) organizes the entire dataset into larger regions and assigns a different region to each thread, which carries out all ω statistic operations in that region sequentially. Each region comprises an equal number of candidate genomic regions, thus eliminating the need for synchronization during the analysis. Threads synchronize only once, to determine whether the analysis of all assigned regions is completed.
The coarse-grained approach benefits the most from the data-reuse optimization because all squared correlation coefficients are calculated by a single thread. However, the coarse-grained assignment of large regions to parallel threads suffers from imbalanced load distribution a b c because, although each region consists of the same number of candidate genomic regions, each individual region that is scanned for selection contains a different number of SNPs.
Multi-grained algorithm (OmegaPlus-M)
The multi-grained algorithm attempts to alleviate the load imbalance in the coarse-grained approach via a more intelligent assignment of threads to regions. Initially, the algorithm is similar to the coarse-grained scheme because each thread is assigned a large region of equal size (number of candidate genomic regions) and carries out all required operations independently. When a thread finishes processing its initial region, the master thread, which has been monitoring the progress that each thread has made with the assigned region, dynamically decides which region the available thread must be reassigned to. Then, the selected region starts being analyzed by multiple threads following the fine-grained algorithm while the other regions continue being analyzed by one thread each. Depending on the overall progress in the regions, the master thread periodically reassigns threads to another region in order to achieve a balanced distribution of the remaining computational load at each particular time.
While the multi-grained scheme typically outperforms the coarse-grained algorithm, as more threads enter the fine-grained processing mode, the computational load per thread decreases and the synchronization overhead increases. Thus, the load distribution to the threads and the overall execution time for an analysis are still affected by the different number of SNPs in the regions.
Generic parallelization (OmegaPlus-G) Data layout
Initially, the input alignment is stored in an array of 32-bit unsigned integers by grouping 32 elements at an alignment site (0, 1 for binary data, and A, C, G, T for DNA data) in each unsigned integer and placing SNPs contiguously in the array, as shown in Fig. 4 . In addition to reducing memory footprint, such a compact representation of SNPs facilitates the population count operation required to calculate the squared correlation coefficient between SNPs. Thereafter, the SNPs are organized into SNP groups of size G, where G is a granularity factor that affects the ratio of computation to synchronization among the threads. Figure 4 also illustrates the arrangement of SNPs into groups for a genomic region that comprises N SNPs. The value of G is a constant that was set to 128, based on an experimental evaluation of the effect of G on the total execution time. In a series of runs with G values ranging from 8 to 1,024, a significant performance degradation was observed for values smaller or larger than the chosen G. Small G values reduce the number of computations between synchronization events and increase the retrieval time of the computed values during the final ω calculations. On the other hand, large G values lead to execution time imbalance among the threads because of very coarse-grained load distribution, and several redundant computations between very distant SNPs. SNPs are placed in groups based on their alignment site index to facilitate the application of the proposed algorithm directly on the data layout of the standard OmegaPlus implementation.
Parallel algorithm
The underlying idea of the proposed algorithm is to maximize the number of calculations in the parallel sections of the code while each thread performs computations on fractions of genomic regions. The algorithmic steps are outlined in Fig. 3c . Initially, a total of T available SNP groups is assumed. The value of T is calculated from a user-defined parameter that provides an upper limit for the memory overhead induced by the proposed algorithm. As previously mentioned, the SNP-group size G is fixed to 128 for performance purposes. Consequently, each genomic region frequently extends to several SNP groups. Therefore, for a given number T of SNP groups, the calculation of the ω statistic is possible at only a limited number of locations
where D is defined by the user. The borders of the respective k genomic regions are then analyzed to assemble a 'compute list' . Each item in the list is a 'compute group' . Because of possible overlaps between neighboring genomic regions, a data reduction operation on the compute list eliminates double entries that would otherwise have led to redundant computations.
A compute group operates on a distinct pair of SNP groups x and y that belong to the same genomic region, as illustrated by the square tiles in Fig. 5 . Initially, a kernel function that calculates the squared correlation coefficient r 2 ij for a pair of SNPs i and j with i ∈ x and j ∈ y is invoked G 2 times. If x = y, the kernel function is invoked G 2 /2 times (compute groups 0, 2, and 4 in Fig. 5 ) to avoid redundant calculations. When the r 2 ij calculations are finished, a tile-aware version of the DP algorithm (Eq. 4) is applied. A data dependency resulting from the DP algorithm imposes a corresponding tile dependency. Therefore, only the compute groups that belong to the same diagonal can be calculated in parallel, and each diagonal can be processed only after the one directly above is computed. In Fig. 5 for instance, compute groups 0, 2, and 4 represent the first diagonal that can be calculated in parallel. Thereafter, the next diagonal, comprising compute groups 1 and 3, can be calculated in parallel.
The final stage of the proposed parallel algorithm entails the ω statistic calculation at k locations L i , 1 < i < k, where k is calculated based on the available number of SNP groups T. For this, we modified the standard OmegaPlus function that computes the ω statistic at each location L i to retrieve the i∈L,j∈R r 2 ij , i,j∈L r 2 ij , and i,j∈R r 2 ij values from the tiled output data. Thereafter, all L i locations are distributed to so-called omega queues based on the total number of SNPs in each queue. When all L i locations are inserted into an omega queue, each queue comprises approximately the same number of SNPs. Therefore, by maintaining a queue per thread we achieve improved load balance for the final ω statistic calculations.
The above-mentioned steps are repeated until all locations L i , 1 < i < D, are analyzed. Figure 6 illustrates an example of output tiled data for an arbitrary iteration of the algorithm, the corresponding M matrices, and the ω locations that can be calculated. Each iteration assumes a different set of T SNP groups (T = 6 in Fig. 6 ) and computes the next k locations in the input dataset (k = 4 in Fig. 6 ). Note that, although T (number of SNP groups) is constant among iterations of the algorithm (it relies only on the available memory resources on the workstation), the actual number k of L i locations that can be calculated might vary because of variances in the SNP density among genomic regions. As already mentioned, each genomic region extends to several SNP groups. Therefore, SNP 6 Example of the tiled LD data for an arbitrary iteration of the generic algorithm along with the corresponding per-region M matrices and the ω locations that can be calculated. Here, the number of SNP groups is T = 6, the pairwise combination of which leads to the tiled matrix M that comprises 16 tiles (missing tiles correspond to distant SNPs, as determined by the −maxwin user-defined argument, and therefore are not computed). The corresponding number of ω locations that can be calculated in this
regions with an increased number of SNPs, for instance, will occupy a proportionally increased number of SNP groups, leading to a smaller number k of L i locations that can be computed based on the available T SNP groups.
Implementation and usage
The generic algorithm is implemented in the OmegaPlus Linux release version 3.0.0 (available for download at [31] and [32] ) using the OpenMP application programming interface (API) for parallel programming. All previous parallel implementations used the POSIX standard for threads, a low-level API that was required to implement the multi-grained algorithm that exploits both the fine-and the coarse-grained alternatives. However, the simplicity of the code for the generic algorithm allowed deployment of the more portable OpenMP API because the computational kernel is implemented via two main for loops, one to traverse all tile diagonals in the tiled matrix M to process the compute list and one to compute all omega queues.
To generate the OmegaPlus-G executable that implements the generic parallel algorithm, one can use the respective makefile (Makefile.OPENMP.GENERIC.gcc). A typical analysis requires at least five input arguments: (i) a name for the run (-name), (ii) an input file (-input), (iii) the number of ω locations (-grid), and (iv) a minimum (-minwin) and a maximum (-maxwin) border value to specify the width of each candidate genomic region. The generic algorithm requires an additional argument that is provided via the -memLimit command line flag and represents an upper bound for the memory overhead. The roles of the minimum and maximum border values for the processing of genomic regions are illustrated in Fig. 7 .
Regardless of the chosen OmegaPlus algorithm, all runs generate a report that contains locations in the genome (at the center of each evaluated region) and the corresponding ω scores. To assess whether the reported OmegaPlus scores are indicative of a selective sweep, a threshold calculation step is required to determine the critical OmegaPlus value. All regions that are scored higher than the critical value are candidates for a selective sweep.
Threshold calculation is based on the definition of p-value: the probability of observing equal or higher value than the maximum observed OmegaPlus value given that the null hypothesis is true. The null hypothesis is represented by a neutral model that incorporates an appropriate demographic scenario. In other words, if the demographic model is known, neutral datasets Fig. 7 The roles of −minwin and −maxwin. The user defines the length of minwin (number of bases). This is the minimum region on the left or on the right of a given location that a sweep might affect. For example, for −minwin 1000, the SNPs located at least at a distance < 1,000 bp (1,000 bp on the right, and 1,000 bp on the left) from each grid point will contribute to the calculation of ω value. In this figure, the first ω value that will be calculated (its position is denoted as 'location to assess omega') will include three SNP positions on the left and three SNP positions on the right. Subsequently, OmegaPlus will gradually include in the calculations all SNPs on the left and right subregions one after the other until the 'Max left' and 'Max right' borders are reached. 'Max left border' and 'Max right border' are defined by the maxwin flag. For this position, the highest ω value is reported are generated via simulations incorporating the demographic model. For each simulated dataset, the maximum OmegaPlus value is calculated, and the threshold value is defined as the 95th percentile of all maxima. In practice, however, this approach requires two problems to be resolved: i) the demographic model is usually unknown, so it needs to be estimated, and ii) if the region under study and the recombination rate are large, simulating neutral datasets becomes challenging. Several approaches exist for the estimation of the demographic model (e.g., the approximate Bayesian computation, ABC; [33] ) and the simulation of neutral datasets (e.g., Hudson's ms [34] and msms [35] for full coalescent models, or MaCS [35] for approximate coalescent models). As an alternative to simulating neutral datasets, which might be computationally expensive, one may assume that the vast majority of the dataset under investigation is neutral. This allows to estimate the threshold value by considering the 95th percentile of the OmegaPlus values calculated from the analysis of the specific dataset, an approach that is usually followed for the analysis of whole-genome datasets.
Performance
Experimental setup
To assess the performance of the parallel algorithms for LD-based selective sweep detection, we use the opensource software CoMuS (Coalescent of Multiple Species; [36] ) to generate a series of datasets in a variety of shapes, with sample size m and number of sites k, where m = (100, 1,000, 10,000, 50,000) and k = (10,000, 50,000, 100,000). In contrast to Hudson's ms [34] , CoMuS implements the finite site model, therefore it generates DNA sequence data. The sample size varies from 100 to 50,000 because our goal is to test the new parallel algorithm in OmegaPlus for relatively small datasets that are currently widely used, and for very large datasets that will become available in the future. For the number of sites, we use values from 10,000 to 100,000. Such a number of sites corresponds to a genomic region, i.e., it is smaller than chromosomal sizes. Simulating longer DNA sequences becomes prohibitively expensive both in terms of computational time and memory requirements, because of the large amount of recombination.
We use a workstation with four Intel Xeon X7560 8-core Nehalem-EX processors running at 2.26 GHz and 128 gigabytes of main memory, as a test platform. All parallel OmegaPlus algorithms are evaluated for scalability with runs of 4, 8, 16, and 32 threads. For all runs, the -grid, -minwin, and -maxwin arguments are set to 5,000, 1,000, and 20,000, respectively. Therefore, all analyses compute the ω statistic at 5,000 locations along the input dataset with the minimum and the maximum sizes of the candidate genomic regions set to 1,000 and 20,000 alignment sites, respectively. Typically, the number of candidates for selection genomic regions that should be evaluated in an input dataset should be proportional to the width of the dataset, i.e., the number of alignment sites. Although this is generally valid for real-world analyses, it would create a bias in our scalability evaluation experiments. Changing the -grid argument according to the number of sites k in the input datasets will maintain the number of SNPs in each region and the overlap between neighboring regions approximately constant, while the shape of the datasets will vary significantly. Therefore, the runtime comparisons will not capture the effect of the size of candidate regions and the extent of the overlaps.
Simulated datasets
Initially, we evaluate the scalability of the parallel algorithms on simulated datasets. Figure 8 shows the observed speedups.
As can be observed in the plots, the coarse-and multi-grained approaches show poor performance for limited number of sites (k = 10,000) achieving maximum speedups of 8.8X and 9.3X on 32 cores, respectively. This results from the small number of SNPs per group of regions, which decreases as the number of threads increases, leading to unfavorable computation-tosynchronization ratios. The fine-grained and the generic algorithms achieve speedups of up to 19.3X and 22.6X on 32 cores, respectively. Consequently, the fine-grained and the generic algorithms outperform the coarse-and multigrained alternatives, showing even superlinear speedups for small sample sizes (up to 1,000) and numbers of threads (up to 8) because of the efficient exploitation of the cache hierarchy. For instance, when processing the DNA dataset with 100 sequences and 10,000 alignment sites (approximately 5,000 SNPs; bottom left of the figure), OmegaPlus allocates 64 bytes per SNP (4 unsigned integers per DNA state), allowing the loading of nearly 512 SNPs in L1 cache (32 kilobytes). Because all threads in the fine-grained model analyze the same region and the number of regions is large (-grid 5000), the majority of SNPs that will be required for a large number of consecutive overlapping neighboring regions already reside in L1 cache. The same cache effect is not observed for the coarse-grained approach because each thread starts analyzing distant regions. Although each thread's next region contains several SNPs that already reside in L1 cache from the analysis of the previous region, the actual number of remaining regions that can benefit from SNPs in L1 cache is reduced proportionally to the number of parallel threads. Furthermore, owing to extensive overlaps and the small number of SNPs, a large number of redundant LD calculations may occur as a certain number of overlapping regions (at the borders of the region groups) are analyzed by different threads. The multi-grained approach Fig. 8 Speedups for the analysis of DNA datasets in different shapes. The sequential OmegaPlus implementation is take as reference for the calculation of the speedups; F, C, M, and G correspond to the fine-grained, coarse-grained, multi-grained, and generic parallel algorithms, respectively outperforms the coarse-grained alternative and benefits from the cache effect because threads dynamically switch to the fine-grained model during processing. Finally, the generic approach requires only 16 kilobytes of L1 cache per compute group, leading to the efficient use of the cache hierarchy during the analysis of the compute list because the 2G SNPs (G is the granularity factor currently set to 128) per compute group will reside in L1 cache and be used in G 2 pairwise LD calculations. However, as the sample size increases the memory requirements per SNP increase, the benefits from the cache hierarchy are reduced (towards the top right in Fig. 8) , and the finegrained approach outperforms the generic algorithm as a result of a favorable computation-to-synchronization ratio during the LD calculations. Tables 1 and 2 provide execution times for DNA and binary datasets, respectively. Note that all datasets generated by CoMuS contain DNA data in FASTA format. To evaluate the performance of the parallel algorithms when binary SNPs are analyzed, we use the -binary OmegaPlus OP indicates the sequential OmegaPlus implementation; F, C, M, and G indicate the fine-grained, coarse-grained, multi-grained, and generic parallel algorithms, respectively. The number in parentheses is the number of threads input argument, which enforces a deduction of the alignment to a binary representation before the analysis. The execution time reduction for the same dataset can be considerable as the dataset size increases. For instance, the sequential analysis of the largest simulated dataset in our experiments (m = 50,000 and k = 100,000) finished 7.7X faster by activating binary deduction, reducing the total analysis time from 24.6 hours to approximately 3 hours.
The maximum ω value calculated based on DNA data was 1.281763 at location 99,973.78, whereas the respective values based on binary data were 1.235877 and 99,993.78. For moderate numbers of alignment sites such as k = 50,000 or k = 100,000, the generic parallel approach achieves up to 25.5X speedup on 32 cores whereas the fine-, coarse-, and multi-grained alternatives deliver maximum speedups of 22X, 16.8X, and 16.5X, respectively. Overall, the generic algorithm shows consistent performance on various different numbers of cores and is robust to changes in the dataset shape. Furthermore, because of the compute-list-based calculation of a significantly larger number of LD values than the other approaches in a single parallel region, the generic algorithm achieves good performance even when many cores are used to analyze datasets with limited sample size and number of SNPs.
Human Chromosome 1 from the 1000 genomes project
In addition to simulated datasets, we also evaluate the parallel algorithms for the scan of a very large realworld dataset, the Chromosome 1 of the human genome, available for download from the 1000 Genomes Project Consortium ([37], last accessed January 9, 2015). This dataset is in VCF format, which is widely used in nextgeneration sequencing projects, and contains the genetic variation from 2,504 humans, i.e., the sample size to be analyzed is 5,008 as a result of diploidy. The size of the input file is 62 gigabytes and comprises 6, 195, 844 SNPs. Similarly to previous performance comparisons, we conduct a performance evaluation of the parallel algorithms with runs using 4, 8, 16, and 32 threads, analyzing the input data from the VCF file as is, i.e., nucleotide data, as well as binary data, by activating the binary deduction optimization.
All runs compute the ω statistic at the center of 10,000 candidate regions (-grid) of minimum and maximum sizes of 1,000 (-minwin) and 200,000 (-maxwin) sites, respectively. Table 3 contains execution times and Figs. 9 and 10 illustrate the respective speedups. Given the considerable size of the input file (62 gigabytes), and so as to conduct an accurate evaluation of the parallel algorithms, the time required to load the file from the disk to main memory is not included in the execution times and the calculation of the respective speedups. All parallel OmegaPlus implementations use a single thread to load the input file to main memory before the analysis, a task that required OP indicates the sequential OmegaPlus implementation; F, C, M, and G indicate the fine-grained, coarse-grained, multi-grained, and generic parallel algorithms, respectively between 80 and 85 min for all runs. However, the time required for the conversion of the nucleotide SNPs to binary data (carried out by a single thread as well) is included. This conversion required 24 min. As expected, because of the increased sample size and number of SNPs, all parallel algorithms show comparable performance and scale well as the number of threads increases (Fig. 9) . The coarse-grained approach is the most prone to SNP density imbalance among regions, which reflects the worse performance compared with the rest of the algorithms. The large sample size allows highly favorable computation-to-synchronization ratio during the LD calculations of the fine-grained algorithm, whereas the multi-grained parallelization, which has the dynamic switching mechanism between the finegrained and coarse-grained approaches, achieves the best performance because it benefits from both the efficient fine-grained LD calculations and the balanced workload per thread. Finally, because of the large number of SNPs in the dataset and the significantly wide candidate regions, the generic algorithm requires multiple offload-compute iterations, while each iteration can compute only a limited number of ω locations, thus leading to slightly worse performance than the multi-grained approach while outperforming the fine-grained approach when 32 threads are used. The binary deduction optimization allows between 7X and 9.4X faster execution, including the time required to convert the DNA representation to binary (24 min). However, all parallel algorithms show poor performance as the number of threads increases (Fig. 10) because of the significantly reduced computational load per pairwise LD calculation. For binary analyses, the multi-grained and the generic algorithms are typically faster than the fine- and coarse-grained approaches because of the hybrid parallelization approaches used, which allow them to benefit from both the coarse-grained execution and the balanced computational load distribution to the threads, achieving favorable computation-to-synchronization ratios and similar execution times per thread.
Converting each SNP from DNA to binary is a nondeterministic process that leads to loss of information, because all nucleotide SNPs are now represented by binary vectors. Figure 11 illustrates the ω values that were computed based on LD values calculated from nucleotide SNPs (Fig. 11a) and binary data (Fig. 11b) . The plots appear almost identical and there are no obvious differences in the ω statistic values calculated by the two approaches throughout the dataset (OmegaPlus output reports available as Additional file 1). In both plots, the ten highest (i.e., 0.1 %) ω values are highlighted (red circles). Both analyses detected the maximum ω value at position 149,445,280, and the leftmost and rightmost SNPs in the region that showed the maximum ω were at positions 149,433,322 and 149,448,635, respectively. When the SNP data were analyzed as DNA, the maximum ω value was 396,171.53, whereas when the SNPs were converted to binary the maximum ω value was 391,617.78. Note, however, that the sequential DNA analysis required 117.2 hours whereas the binary analysis finished in just 13.6 hours.
The main goal of the Chromosome 1 runs is to compare the scalability of the parallel algorithms and to assess the efficiency of the OmegaPlus binary-based analysis in terms of both execution time and accuracy on a large, real-world dataset. Consequently, using the full dataset of Chromosome 1, we do not aim to detect selective sweeps or discuss the biological significance of the findings because the entire dataset represents a mixture of several populations, thus violating certain assumptions of OmegaPlus and neutrality tests in general. However, we analyzed each population separately to demonstrate the usage of OmegaPlus on subsets of the entire dataset. Given that this analysis is biologically meaningful and may provide information related to local adaptation, the OmegaPlus output reports are available for download in Additional file 2, and the scores along Chromosome 1 for each population are plotted in Additional file 3. Furthermore, for each pair of populations, we calculated the Spearman correlation coefficient between their OmegaPlus scores to generate the heatmap that is shown in Fig. 12 . The heatmap demonstrates that more closely related populations are more similar in terms of patterns of their OmegaPlus scores. This finding probably reflects the more extensive coancestry of more closely related populations (e.g., African populations) compared with more distant populations (e.g., African versus European populations). Alternatively, it might represent common a b Fig. 11 Illustration of the ω values reported by OmegaPlus for the analysis of the human Chromosome 1. a SNPs interpreted as nucleotide data (processed as is from the VCF file); b SNPs represented as binary vectors (-binary option). In both plots, the 10 highest ω values are highlighted. The DNA analysis took between 7 and 9.4 times longer than the binary analysis selective pressures between related populations. Further examination is required, which, however, is beyond the scope of this work.
Comparison with other neutrality tests
A recent study by Crisci et al. [38] assessed the performance of various implementations, including OmegaPlus, to detect selection for different biologically relevant scenarios such as population size changes. The findings revealed that, in terms of power to reject the neutral hypothesis under both equilibrium and non-equilibrium conditions, OmegaPlus outperforms all alternative implementations considered in the study, i.e., SweepFinder [22] , SweeD [26] , and iHS [39] . As a complementary comparison, we conduct here a performance evaluation of these tools in terms of analysis time. For this comparison, we use Hudson's ms [34] to generate simulated datasets with sample size m = (100, 1,000) and number of sites k = (10,000, 100,000). Table 4 presents execution times for sequential and parallel runs with 32 threads.
As can be observed in Table 4 , OmegaPlus outperforms all other tools for both the sequential and the parallel runs. Such a comparison is useful for choosing which software to deploy, particularly for large datasets.
However, these tools are fundamentally different, in terms of both the methods they implement and/or the type of selective sweeps they detect. For instance, SweeD and SweepFinder rely on the composite likelihood ratio and detect complete selective sweeps (OmegaPlus also detects complete selective sweeps) by analyzing the site frequency spectrum (SFS). However, they require a significantly larger number of floating-point operations than OmegaPlus. Further, the iHS algorithm of the selscan [40] software uses extended haplotypes to detect ongoing (incomplete) selective sweeps.
Sensitivity and specificity
Experimental setup
To assess the sensitivity and accuracy of OmegaPlus, we use Hudson's ms and mssel tools to generate neutral datasets and datasets with selection, respectively. Both tools perform coalescent simulations with past demographic changes. Given the trajectory of a beneficial mutation, mssel simulates datasets under the simultaneous effect of demography and positive selection. The trajectory of the beneficial mutation is constructed using the same demographic model as the polymorphic dataset that it generates. A total of 1,000 replications was performed for each of the demographic models described in Table 5 . The bottleneck models 1-4 were used for the comparison between OmegaPlus and a series of summary statistics. Additional simulations (bottleneck models 1-7) were used to demonstrate the effect of the -minwin parameter of OmegaPlus. The command lines for both ms and mssel tools are provided in Additional file 4.
The total length of each simulated genome is assumed to be 1,000,000 bp. The length value is arbitrary, because ms and mssel adopt the infinite site model; it is used only to allow the illustration of the results in a similar way to real datasets (whose size is finite). The genome was split in 1,000 overlapping windows of length 10,000 bp each. The The generic algorithm is used for the parallel execution of OmegaPlus. SweepFinder does not use multiple threads distance between the starting points of two consecutive windows (offset) is 1,000 bp. Several summary statistics were evaluated at each window, for both the neutral and the selection dataset. To set the significance threshold for each summary statistic, we performed a parametric bootstrapping procedure that is often used in selection scans [22] : for a given demographic model (e.g. bottleneck1), we calculated the minimum value of each summary statistic among the sliding windows. We conducted 1,000 replications for each demographic model, obtaining 1,000 minimum values for each summary statistic. The significance threshold of each summary statistic was set as the 5th percentile of its minimum values. Given that we consider only the minimum values for the calculation of the threshold value (i.e., the minimum value per replication), there is no multiple testing problem that could result from the number of windows.
Comparison with summary statistics
Nowadays, several methods (neutrality tests) exist for detecting selective sweeps. We compared the sensitivity and the specificity of these tools to detect selective sweeps for various demographic models. As sensitivity, we define the percentage of the replications of each model with selection in which the value of the neutrality test was more extreme than the threshold value. As specificity, we calculate the distance between the reported selective sweep region and the true target of selection. We tested the performance of the neutrality tests on several demographic models (model parameters are provided in Table 5 ; the command lines can be found in Additional file 4). The first model is a constant population size model. For all summary statistics, even the very simple ones, such as θ π , both sensitivity and specificity are high (Fig. 13 ). Sensitivity and specificity are similarly high for mild bottlenecks as well. For example, for bottleneck2, in which the population size during bottleneck becomes half of the present population size, θ π and Depaulis and Veuille H can identify approximately 67 % of the sweeps. On average, the sweep locations reported by these tools were 38 kb and 44 kb away from the true target of selection, respectively. All other Time is measured backwards, from the present to the past. Thus, the 'beginning' of the bottleneck is the most recent time point that the population size changes. Forward in time, it corresponds to the 'end' of the bottleneck Fig. 13 Comparison between OmegaPlus and other commonly used summary statistics and neutrality tests. a Sensitivity analysis, i.e., the percentage of the simulations with selection that are detected as selected by each tool. b Specificity analysis, i.e., the distance of the detected target of selection from the true target of selection (in kilobases). The darker the cell in the heatmap is, the greater the accuracy is neutrality tests performed better regarding sensitivity. OmegaPlus can identify all selective sweeps and its average reported distance from the true target of selection is 20 kb (closer than any other neutrality test). For more severe bottlenecks, the performance of all tools is considerably reduced. For instance, for bottleneck4 (relative population size during bottleneck is 0.005 of the presentday population), OmegaPlus can detect only slightly less than half (48.3 %) of the sweeps, at an average distance of 28 kb from the true target of selection. Other neutrality tests performed even worse. For example, Tajima's D detected only 18.5 % of the sweeps, at a distance of approximately 70 kb away from the real target of selection. A study by Pavlidis et al. [27] showed that combining LD-and SFS-based methods can potentially increase our ability to detect selective sweeps and reduce the false positive rate. The rationale behind their approach is that both LD-based tests (such as OmegaPlus) and SFS-based tests (such as SweeD) should point to the same location when a selective sweep has occurred. To facilitate the combination of results, we have implemented two R scripts that illustrate both OmegaPlus and SweeD results in a common plot. Both of the scripts highlight outliers detected by both OmegaPlus and SweeD. The download links to the R scripts are provided in the Additional file 4.
The first R script invokes OmegaPlus and SweeD to analyze a dataset using the same grid size g for both tools. The g points are defined as g i = (o i , s i ), where o i and s i are the OmegaPlus and SweeD values of the grid-point i. Given a significance level a, e.g., 5 %, the threshold value to detect outliers is defined as the point g c = (o c , s c ) for which 5 % of grid-points exist where both OmegaPlus and SweeD values are greater than o c and s c , respectively. The second R script calculates the threshold via simulations instead of relying on the input dataset.
Analysis of input parameters
As already mentioned, to perform an OmegaPlus analysis, a minimum number of five input arguments are required. There are also optional parameters that can be used, such as the minimum number of SNPs required in a region needed calculate the ω-statistic (-minsnps), the maximum difference (balance parameter) in terms of number of SNPs between the left and right windows (-b), or whether singletons should be considered for the computations (-no-singletons). Some input parameters have minimal effect on the outcome while others affect the results profoundly. The -maxwin parameter, for instance, which specifies the maximum extent of a sweep, has negligible effect on the results if it is sufficiently large. For example, for mutation and recombination rates similar to Drosophila melanogaster, all -maxwin values greater than 50 kb will give approximately the same results. This is because it is almost certain that the ω-statistic maximizes for a window smaller than the -maxwin value. The balance parameter -b restricts the left and right windows to be approximately equal in size. Thus, calculations on significantly uneven windows in terms of number of SNPs are avoided. Similarly tomaxwin, the value of -b does not have a great effect on the results. However, computations become faster when a low -b value is provided, e.g., less than 10.
The -no-singletons flag is necessary only when we suspect that the majority of singletons result from sequencing errors. It is not advised to exclude singletons from high quality datasets because the power to detect selective sweeps will decrease. Singletons in abundance is essentially the main signature of a selective sweep, and thus excluding them from the analysis will reduce our ability to detect a sweep.
The minimum number of SNPs (-minsnps) and the minimum window size (-minwin) parameters can affect the results dramatically. Small values, such as 2 for minsnps, and 500 bp for minwin (when human data are analyzed), must be avoided. This is because such values for these parameters increase the stochasticity of the results significantly. Even under neutrality, it is highly possible that linkage disequilibrium will assume very high values in small windows. The minsnps parameter has a similar effect. It is a challenge to provide a guideline for setting these parameters because their values should be dataset-specific. Further, they depend on factors such as recombination and mutation rate and on the demographic history of the organism. When the evolutionary parameter values are such that they increase the variance along the genome (e.g., small recombination rate, small population size, bottleneck, or small migration rate), high minwin and minsnps values are preferable. Typically, we set minsnps to 5 and minwin to 10 kb for human data. The corresponding values for Drosophila are usually smaller. Figure 14 demonstrates the effect of minwin on the sensitivity and specificity of OmegaPlus. As can be observed in the figure, small window sizes (e.g., 500 bp) reduce performance. The reason behind this obser- In a, darker color means higher sensitivity, i.e. more cases of selection are detected. In b, darker color means higher accuracy, i.e. the detected target of selection is closer to the real target of selection vation is that stochasticity increases in small windows, outperforming the effect of a selective sweep. On the other hand, large minwin values (e.g., 50 kb or larger) would also reduce the performance of the algorithm because they contain a large proportion of SNPs not affected by the selective sweep. Determining the optimal minwin value is not feasible, because the choice is affected by the demographic model. For example, all minwin values between 10 kb and 50 kb perform excellently for bottleneck1, whereas a minwin value of 30 kb gives the best results for bottleneck3.
Conclusions
With the introduction of the generic parallelization alternative in the OmegaPlus source code, there are currently four algorithmic variations that one can use, raising the question: "Which parallelization alternative is the most suitable for my datasets?". A prerequisite to answering this question is understanding which factors affect performance and which factor is better served by each parallelization alternative. The three dataset-dependent factors that have an impact on performance are the sample size, the total amount of polymorphism, and the distribution of SNPs along a dataset. The performance of the fine-grained approach (OmegaPlus-F) improves with an increasing sample size. This is because OmegaPlus-F exploits parallelism in narrow genomic regions (maximum region that a selective sweep can affect), where the number of SNPs is limited and the only factor that affects performance is the sample size. In this case, as the sample size increases the computation-to-synchronization ratio improves, yielding better overall performance for OmegaPlus-F. For datasets with increased number of SNPs, the multi-grained approach in OmegaPlus-M is expected to deliver higher performance as the number of SNPs increases because OmegaPlus-M distributes large genomic regions to different threads and each thread analyzes a region uninterrupted, thus eliminating any synchronization overhead. The coarse-grained approach in OmegaPlus-C typically shows similar behavior to OmegaPlus-M. However, OmegaPlus-M is less prone to the distribution of SNPs along the dataset, and as such it should be preferred over OmegaPlus-C at all times. Finally, the performance of the new generic approach, because of the fundamentally different load organization and distribution scheme, remains unaffected by the distribution of SNPs along a dataset. Furthermore, it exploits a region-based processing scheme, similar to the multi-grained approach, which achieves improved performance for large number of SNPs, and implements blocking to improve the computation-to-synchronization ratios observed in OmegaPlus-F for small sample sizes. Overall, the generic approach is the preferred approach for small and moderate size datasets, whereas the n becomes more powerful for large sample sizes, and the multi-grained approach for long genomes.
The discussion so far has not taken into consideration the number of cores. Assuming that the dataset size remains constant as the number of cores increases, each thread is assigned smaller computational load, thus reducing the computation-to-synchronization ratio. Although this is generally the case for all parallel algorithms, the performance degradation becomes less prevalent with an increasing dataset size. The generic approach shows the best performance for increasing number of cores even when the dataset size is not large enough to justify a large number of cores; it has the most stable parallel efficiency over all experiments conducted in this study.
From a performance standpoint, devising an efficient parallel algorithm that scales well for a large number of cores is challenging because of the variety of attributes that the input dataset may have, such as the sample size, the number of SNPs, the data type (binary data or DNA), and the SNP density and distribution in the dataset. All parallel algorithms presented in this study yield qualitatively the same results. However, their performance differs, depending on the aforementioned attributes of the input data. Thus, choosing the right parallel algorithm for an analysis can lead to significantly shorter analysis time and energy savings.
As future work, we intend to further optimize the performance of the kernels used for selective sweep detection by using SIMD (Single Instruction Multiple Data) vector intrinsics such as SSE (streaming SIMD extensions) and AVX (advanced vector extensions), which are available in all modern microprocessor architectures. Computing LD between two SNPs is an embarrassingly parallel problem 2 . Therefore, boosting single-thread execution with vector intrinsics and combining highly optimized kernels with scalable parallel algorithms will lead to significant time reduction for the analysis of large-scale datasets.
Furthermore, we will be exploring emerging hardware architectures such as FPGAs and GPUs for offloading computationally intensive kernels and accelerating LDbased selective sweep detection. As already mentioned, the offload-compute paradigm in the generic algorithm is very suitable for hardware-based acceleration. By appropriately limiting the algorithm's memory overhead (which is already an input parameter), adapting the memory layout to achieve coalesced memory accesses on a SIMT (single instruction multiple threads) architecture, and devising a simplified OpenCL kernel for LD calculation, we can make use of the computational power of modern GPUs.
Detailed profiling of the current ω statistic implementation in OmegaPlus revealed that significant fraction of the total execution time (up to 70 %) is spent calculating LD values between SNPs. Therefore, we intend to devise a reconfigurable accelerator architecture for computing LD, and use high-performance communication infrastructure for hardware acceleration [49, 50] to achieve faster execution when large-scale datasets are analyzed.
Finally, in addition to the way in which the data-reuse optimization is currently deployed for LD and ω statistic calculations, the strategy of data reuse can be exploited for the computation of other neutrality tests and summary statistics as well. Although such statistics are not highly compute-intensive, they typically conduct a large number of redundant calculations because of extensive overlaps between neighboring windows. Similarly, the generic processing scheme applied here in the context of selective sweep detection can be adapted to operate on disjoint pairs of genomic regions rather than a single genomic region (as required for selective sweep detection). This will enable the efficient evaluation of long-range LD on whole genomes without conducting redundant computations or requiring excessive memory resources.
Availability and requirements
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